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In case of a terrorist attack or natural outbreak of a contagious disease, it may be necessary to
vaccinate patients in mass quantities. This paper focuses on the creation and implementation of a
mathematical model that gives an estimate of the performance of a clinic with a modeled number of
stations and staffing, given that there is a large number of patients waiting before the clinic opens. The
model was created in Microsoft Excel so that it can be easily accessed by any clinic. Simulation for the
purpose of validation was done in Rockwell Arena. Two separate simulations with different cases were
compared to estimates made by the planning model to determine its accuracy.
1 Introduction
The Clinic Surge Planning Model (CSPM) is different from other clinic models in that it compensates for an
initial group of patients, or a ‘surge,’ waiting before the clinic has opened. This model does not have a set
number of hours; instead it has a period in which the clinic is still accepting patients. This model serves to
show performance of the surge situation according to how many workers are present and individual station
performance. This particular model runs in Microsoft Excel so that it can be easily used and operated by
any clinic planner. To aid in this process, an additional user’s guide has been prepared to show detailed
information on operating the model. The purpose of this report is to describe the mathematical calculations
in the model and show simulations that validate its operation.
2 Problem Setting
In general, the Clinic Surge Planning Model can be used to plan any clinic as long as it is run in a small
period of time to vaccinate a large number of patients. This would make it useful in vaccinating a large
population for a flu season. Primarily, this research is conducted for an emergency situation, such as anthrax
or smallpox being introduced into a population as a bioterrorist act. In this situation, a large number
of patients would need to be vaccinated quickly. A planning model would be needed to determine clinic
performance and how many staff members to assign to each station.
3 Related Work on Clinic Planning
Recent events have sparked much work in clinic planning. Aside from other vaccination research done by
University of Maryland’s Institute for Systems Research, there has been other programs devoted to similar
work. The Agency for Healthcare Research and Quality (AHRQ) funded research by the Weill Medical
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College of Cornell University to develop the Bioterrorism and Epidemic Outbreak Response Model (BERM).
The BERM predicts the number and type of staff that would be needed in case of a major disease outbreak
or bioterrorism attack [3]. Also, the Center for Disease Control and Prevention has developed the Maxi-Vac
model that can be used by local and state officials to plan large-scale smallpox vaccination clinics for large
populations [2].
4 Mathematics of This Model
The calculations made in the CSPM are based on the conveyor model because the time in the clinic is
determined by how much time is spent at each station, unless the clinic is full and waiting will occur for
the patients. This being said, these ‘conveyor-type,’ calculations are most accurate when there is a highly
constant amount of patients being serviced [6].
4.1 Demand Inputs
There are several demands for this model. They are as follows:
Number of patients initially waiting (P0) - This is the surge.
Total number of patients (Pt) - This is the estimated patients the clinic plans to treat in the operating
day including the initial number of patients waiting.
Time accepting new patients (T ∗) - This is the scheduled time, in hours, in which the clinic is accepting
patients. After this time the clinic will still be open, but only to finish servicing the patients already in the
clinic.
Set of stations that are not self-service (S) - These are the stations that have one or more staff members.
This set is used in calculating the service rate of the entire clinic.
Sequence of stations ({1, ..., n}) - This is the order in which the stations are set in the clinic. It is not
possible for patients to go from a higher-numbered station to a lower-numbered one. The exit station is
numbered n + 1.
Routing probabilities (Pij) - Each Pij equals the probability that a patient will enter station j given they
are already leaving station i. There are several constraints for the probabilities. This model assumes that
all patients are processed in the first station. Negative flows are not possible in this model. Also, no patient




Distance table (Dij) - Each Dij equals the distance to travel from station i to station j (in feet).
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Processing Time (tei) - This is the average amount of time it takes to service one patient at station i, in
minutes.
Staff (fi) - This is the number of personnel working at station i ∀i ∈ S.
Batch size (ki) - This is the number of patients that can be served by one staff member. ki = 0 for
self-service stations. ki ≥ 1 for i ∈ S.
4.2 Calculated Parameters





Where j is the entering station, i would be all the stations leading into j, and Pij is the probability that
a patient enters station j given that they are at i.
Weighted walking time (twi) - This is the average time it takes for patients to walk between stations






Where Dij is the distance, in feet, from station i to j and W is the average walking speed in feet per
second.
Rate of arrival (ra) - This is the rate in which patients are arriving while the clinic is still accepting




Raw process time (B) - This is the estimated time that it would take a patient to go through the clinic





Service rate (re) - This is the rate in which the clinic can serve the demand. This is calculated, in patients













The following functions are derived from the inputs:
Cumulative arrival function (A(t)) - This function is piecewise and is calculated as follows:
A(t) =
{
rat + P0, 0 ≤ t ≤ T ∗
Pt, T∗ ≤ t ≤ Tc
Actual service rate function (S(t)) - This function is also piecewise depending on whether the calculated
service rate, re, is high enough to intersect the cumulative arrival rate before the clinic stops accepting




ret, 0 ≤ t ≤ Tm
A(t), Tm ≤ t ≤ Tc
Where Tm is the point of intersection. This is found by the following:
Tm =
P0
re − ra , assuming re > ra
If the service rate is not high enough to meet the cumulative arrival rate before the clinic stops accepting
patients, then S(t) = ret while ret ≤ Pt.




0, 0 ≤ t ≤ B
S(t−B), B ≤ t ≤ Tc
4.4 Clinic Performance
With the given and imputed parameters, the clinic performance can be calculated. This involves the follow-
ing:
Time clinic is open in hours (Tc) - If the service rate is high enough to meet the cumulative arrival rate
of patients before the clinic stops accepting patients (T ∗re ≥ Pt), this value will be the time the clinic stops
accepting patients plus the raw processing time. If this service rate is not high enough to meet the cumulative
arrival rate of patients before the clinic stops accepting patients, this value will be when the service function




T ∗ + B, T∗re ≥ Pt
Pt
re + B, T
∗re < Pt
or Tc = max{T ∗, Ptre }+ B
Average number of patients in the clinic (P̄ ) - This is the estimated amount of patients that are in the





A(t)−D(t) denotes how many people are in the clinic at any given time. There are two cases in calculating
this. The first being where the service rate is high enough to catch up to the cumulative arrival rate before
the clinic stops accepting patients (T ∗re ≥ Pt) and the second being where the service rate catches up
to the total patients after the clinic stops accepting patients. If the first case, the D(t) function will be
piecewise-linear and must be calculated in separate parts.











Figure 1: The arrival, service, and departure curves when reT ∗ ≥ Pt.





A(t)dt = (12 )(T
∗)(P0 + Pt) + (Tc − T ∗)(Pt) = 12T
∗(P0 + Pt) + BPt
∫ Tc
0
D(t)dt = (12 )(Tm)(S(Tm)) + (
1







∗ − Tm)(reTm + Pt)
Where S(Tm) is the number of patients in the clinic when the service rate is equal to the arrival rate.











Figure 2: The arrival, service, and departure curves when reT ∗ < Pt.




A(t)dt = (12 )(T
∗)(P0 + Pt) + (Tc − T ∗)(Pt) = 12T






D(t)dt = (12 )(Tc −B)(Pt) =
P 2t
2re
Average time a patient spends in the clinic (t̄) - This is the average time, in minutes, a patient spends in
the clinic after entering. This is calculated as follows:
t̄ = 60P̄ TcPt






The Clinic Surge Planning Model calculates performance according to the inputs and the calculations pre-
sented in the previous section. To test the validity of this model, it is necessary to simulate two different
clinics and compare the output. For simulation, Rockwell Arena will be used. A model of the clinic is
created in a flow chart type representation and statistics are collected from random numbers generated by
the software.
5.1 Howard County Drive-Through Clinic
The first clinic is modeled from statistics collected at the Howard County Drive-Through Clinic on October
15, 2006. This is not a typical model because the processing times are for carloads of people. Each statistic
is for the processing of one car and assuming the driving speed is 10 miles per hour. The routing is in the
following order with each station’s flow leading into the next: Forms Distribution, Triage, Fees Payment,
and Vaccination. For this particular simulation, the clinic plans to serve 900 patients with an initial surge
of 200 patients with an accepting time of 4 hours. The inputs for the Excel Clinic Surge Planning Model are
shown in Table 1.
Table 1: Howard County Drive-Through Flu Clinic Stations
Mean Time Number Distance Leaving
Station (Minutes) of Staff (Miles)
Forms Distribution 1.22 5 1.4
Triage 0.70 5 0.3
Fees Payment 0.63 5 0.1
Vaccination 1.65 6 0.3
The Clinic Surge Planning Model estimates that the clinic will be open 4.41 hours, the rate of service
will be 218 patients per hour, the average number of patients in the clinic will be 161, and the average time
a patient spends in the clinic is 47 minutes. Also, the bottleneck is predicted to be the Vaccination station.
Now the simulation will be run to measure for accuracy. The flowchart model can be seen in the Appendix
in Figure 3. The Gamma Distribution for the processing average time and variance can be seen in Table 2.
Table 2: Gamma Distribution Inputs for Processing Blocks
Station Beta (β) Alpha (α)
Forms Distribution 0.2328 5.2254
Triage 0.3810 1.8373
Fees Payment 0.6052 1.0463
Vaccination 0.6768 2.4380
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5.1.1 Simulation with Constant Arrival
The first simulation was run with constant arrival of the patients not included in the surge for the 4 hours
that the clinic is accepting new patients.
Table 3: Drive-Through Clinic Simulation with Constant Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 4.41 161 47
Averages 4.39 158 46
Sample Variance 0.01 87.82 13.52
95% Confidence Interval 0.08 6.70 2.63
Minimum Value 4.31 151.05 43.57
Maximum Value 4.46 164.45 48.83
We can see that the time to service patients, average number of patients, and average time in clinic were
all in the confidence range output from the simulation. Also, the simulation showed that the Vaccination
Station was also the bottleneck.
5.1.2 Simulation with Exponential Arrival
This simulation is run so that the arrival of cars into the clinic are exponentially distributed so that it is
more realistic.
Table 4: Drive-Through Clinic Simulation with Exponential Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 4.41 161 47
Averages 4.44 153 45
Sample Variance 0.00 374.02 31.28
95% Confidence Interval 0.03 13.83 4.00
Minimum Value 4.41 138.67 41.18
Maximum Value 4.47 166.34 49.18
Similarly to the previous simulation, all of the compared statistics from the planning model fall in the
confidence range of the Arena output. Also, the Vaccination Station is also the bottleneck in this case. From
these results we see that the planning model is a good indicator of performance when there is a clinic with
high surge and simple routing.
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5.2 Smallpox Vaccination Clinic
In the Howard County simulation, the CSPM was successful in estimating the clinic performance. Since
this was a very simple simulation, a more complex one is required. The next clinic is modeled after an
experiment of a smallpox vaccination clinic. This type of simulation is important because it is similar to
what may happen if a bioterrorist attack were to cause the release of smallpox into a population. In this
particular case there will be 1,020 patients vaccinated with three hours to accept them into the clinic. The
average times, staffing, and batch sizes can be seen in Table 5.
Table 5: Smallpox Vaccination Clinic Stations
Mean Time Number Batch
Station (Minutes) of Staff Processing Size
Triage (a) 0.26 5 1
Symptoms Room (b) 1.21 3 1
Holding Room (c) 3.80 3 1
Registration (d) 0.12 8 1
Education (e) 24.00 8 30
Screening (f) 1.72 9 1
Consultation (g) 3.77 6 1
Vaccination (h) 3.26 16 1
Unlike the Howard County Drive-Through clinic, the routing is more complex and can be found in Table
6.
Table 6: Routing Table for Small Pox Clinic
To
From b c d e f g h Exit
a 0.048 0.032 0.920 0 0 0 0 0
b 0 0.67 0 0 0 0 0.33
c 0.65 0 0 0 0 0.35
d 1.00 0 0 0 0
e 1.00 0 0 0
f 0.262 0.738 0
g 0.941 0.059
h 1.00
When there is no surge, the CSPM estimates that the time needed to serve all patients is 3.81 hours, the
service rate is 307 patients per hour, the average number of patients in the clinic is 175, and the average time
a patient spends in the clinic is 39 minutes. Also, the bottleneck is estimated to be the Vaccination station.
Where there is a planned surge of 300, the CSPM estimates that the time needed to serve all patients is 3.81
hours, the service rate is 307 patients per hour, the average number of patients in the clinic is 293, and the
average time a patient spends in the clinic is 66 minutes. In this case, the bottleneck is also estimated to be
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the Vaccination station.
The input data for the processing blocks in the Arena simulation can be seen in the following table:











5.2.1 Simulation with No Surge and Constant Arrival
The first two simulations will test the CSPM for accuracy when looking at a case with no surge. The first
is with a constant arrival of the 1,020 patients over the period of the three hours.
Table 8: Smallpox Clinic Simulation with No Surge and Constant Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 3.81 175 39
Averages 3.94 197 46
Sample Variance 0.00 79.42 6.44
95% Confidence Interval 0.04 6.37 1.81
Minimum Value 3.90 190.22 43.85
Maximum Value 3.98 202.97 47.47
The CSPM poorly estimated the performance of the clinic. All of the estimates were below the confidence
range of values output from the Arena simulation. Similarly to the CSPM findings, the Arena simulation
did find that the Vaccination station was the bottleneck.
5.2.2 Simulation with No Surge and Exponential Arrival
This simulation is run one more time with the arrivals exponentially distributed for a more realistic run.
12
Table 9: Smallpox Clinic Simulation with No Surge and Exponential Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 3.81 175 39
Averages 3.99 205 48
Sample Variance 0.01 320.03 23.52
95% Confidence Interval 0.07 12.80 3.47
Minimum Value 3.91 192.55 44.71
Maximum Value 4.06 218.15 51.65
The same results are seen as with the previous simulation. There are different possibilities for the error
in planning with the CSPM. This maybe because of the complexity of the model. Also, since the conveyor
model requires a highly constant amount of patients being serviced, the clinic doesn’t start running with a
high number of patients until well after the clinic starts accepting patients. In this case, it may be better to
use a different planning model.
5.2.3 Simulation with a Surge and Constant Arrival
Now the CSPM is tested against the simulation when there is an initial surge of 300 patients.
Table 10: Smallpox Clinic Simulation with a Surge and Constant Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 3.81 293 66
Averages 3.84 278 63
Sample Variance 0.00 119.21 9.44
95% Confidence Interval 0.04 7.81 2.20
Minimum Value 3.80 269.79 60.38
Maximum Value 3.87 285.41 64.78
In this case we see that the CSPM is more accurate in predicting the results of the simulation. The time
to service patients is in the confidence range from the Arena output. The average number of patients and
average time in clinic are above the confidence range but closer than the previous simulations without a
surge. The bottleneck in this case is the Vaccination station.
5.2.4 Simulation with Surge and Exponential Arrival
Now this simulation is run with a surge and exponentially distributed arrival of patients.
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Table 11: Smallpox Clinic Simulation with a Surge and Exponential Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 3.81 293 66
Averages 3.87 278 63
Sample Variance 0.01 253.54 5.76
95% Confidence Interval 0.09 11.39 1.72
Minimum Value 3.78 266.58 61.46
Maximum Value 3.96 289.36 64.90
In this case the results were similar to the previous simulation. The time to service all patients was
within the confidence range, but the other two measurements were above the prediction. This shows that
the CSPM does not perfectly estimate the performance of the clinic, but performs better when there is a
surge of patients before the clinic opens. This is probably because the model performs best when there is a
highly constant amount of patients since the mathematical calculations are based on the conveyor model.
5.3 Second Smallpox Simulation
To go further with these results, it was necessary to see where the CSPM performs well when there is no
surge. Two more simulations were run with all of the same parameters except that 2,040 patients will be
served with no surge. This is done to see if this will satisfy the ‘conveyor model’ restriction of needing a
highly-constant amount of patients. The CSPM shows that the clinic will need 7.13 hours to service all
patients, the service rate will be 307 patients per hour, the average number of patients in the clinic will be
662, and the average time a patient spends in the clinic will be 139 minutes. As before, the Vaccination
station will be the bottleneck in this case.
5.3.1 Simulation with Constant Arrival
The first simulation is run with a constant arrival of patients for the three hours.
Table 12: Second Smallpox Vaccination Clinic Simulation with Constant Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 7.13 662 139
Averages 7.17 644 136
Sample Variance 0.01 153.06 14.12
95% Confidence Interval 0.06 8.85 2.69
Minimum Value 7.11 634.82 132.97
Maximum Value 7.23 652.52 138.35
This simulation is more successful since the time to service patients falls within the confidence range
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output from the Arena data. The average number of patients and average time a patient spends in the clinic
is still higher than the confidence range.
5.3.2 Simulation with Exponential Arrival
One more simulation is run with the arriving patients being exponentially distributed.
Table 13: Second Smallpox Vaccination Clinic Simulation with Exponential Arrival
Time to Service Average Number Average Time
Patients (hours) of Patients in Clinic (minutes)
CSPM Estimate 7.13 662 139
Averages 7.20 651 138
Sample Variance 0.00 178.19 11.56
95% Confidence Interval 0.05 9.55 2.43
Minimum Value 7.16 641.13 135.51
Maximum Value 7.25 660.23 140.37
In this case, the CSPM accurately predicted the average time a patient spends in the clinic within the
confidence range and the other measures close to the confidence range. Although the CSPM is not completely
accurate in predicting these results, we see that it can be close when planning a clinic with no surge and a
high arrival rate.
6 Summary and Conclusions
Models like the CSPM are very important. In many instances, there is a need for a tool to quickly set-up
and estimate performance of a clinic needed to vaccinate a large population in a short period of time. This
particular model was built to compensate for an initial surge of patients waiting before the clinic is open
because other models can not accurately calculate the performance. The CSPM is based on the conveyor
model because queues are not considered and a highly constant amount of patients are needed for the
calculations to be close.
In the case of the simpler Howard County Drive-Through Clinic, the CSPM accurately predicted the
Arena output. In the case of the more complex Smallpox Clinic, the results were not as accurate but closer
in the cases where there was a surge or high arrival rate of patients. Although this is true, the CSPM would
be helpful in planning clinics because in all cases the bottleneck was accurately predicted and this would allow
clinic planners to assign more staff to these stations if needed. Also, in many simulations of the Smallpox
Clinic, the CSPM did not accurately estimate performance within the confidence interval, but it would be
close enough for clinic planners to have a good idea of how their clinic will perform. The simulations showed
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that this model should be used only if there will be a surge of patients before the clinic opens or a large
amount of patients to keep all the stations busy because this is when they are most accurate.
This exercise and activity during the REU gave me great experience with research and clinic planning. I
am now more sure than ever this is exactly what I want to do in my future. I feel as though clinic planning,
and healthcare optimization in general, is a great area for academic research to focus because the health of




7 Flow Chart Models
Figure 3: Howard County Drive-Through Clinic Simulation Model
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Figure 4: Small Pox Clinic Simulation
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